Abstract Cardiovascular diseases (CVD) are complex, involving numerous biological entities from genes and small molecules to organ function. Placing these entities in networks where the functional relationships among the constituents are drawn can aid in our understanding of disease onset, progression, and prevention. While networks, or interactomes, are often classified by a general term, say lipids or inflammation, it is a more encompassing class of network that is more informative in showing connections among the active entities and allowing better hypotheses of novel CVD players to be formulated. A range of networks will be presented whereby the potential to bring new objects into the CVD milieu will be exemplified.
Introduction
Risk factors for CVD include many different genetic variants, small molecules, lipid particles and proteins, but also more encompassing terms such as foam cell activation, family history, habitual diet, and gut microbiome composition. Cholesterol particles found in serum have long been measured and their levels considered as indicators of CVD risk. In this regard though, circulating high-density lipoprotein cholesterol (HDL-C) and low-density lipoprotein cholesterol particles (LDL-C) are not homogeneous, but rather consist of several interacting entities, including proteins, various classes of lipids and microRNAs. Each of these entities performs specific functions within the lipoprotein particle or when that particle is delivered to a cell. These functions, centered primarily on the transport of lipid moieties to peripheral tissues and in reverse to the liver, and their roles in CVD risk are well characterized. However, those functions should be considered within the context of all entities present and their interactions among themselves. Thus, the HDL-C particle, for example, can be thought of as a collection of interacting entities that together perform certain functions. Just as these well known lipid particles are dynamic, so too are the biological networks that can be described as operating within each particle. The connections are fluid -stronger under certain conditions, such as the postprandial state or at a given time of day, and weaker or non-existent in other cases, for example when certain genetic variants prevent an interaction.
Networks are composed of nodes connected to each other by edges, which represent a biological interaction (examples are sketched in Fig. 1 ). Such networks of interacting entities are often called interactomes and these networks are highly applicable to CVD because relationships and information on different nodes can be represented, such as diet, disease, gene and genetic variation, and small molecules like food or drugs. The edge connecting two nodes can be without direction or weight, or can be annotated to include effect (increases, decreases), weight (degree of effect, or number of reports indicating that relationship), or other conditions (in a certain cell type, or with regard to a specific condition). When clear and uncluttered, such networks can depict a wealth of information that has the potential to inspire formulation of new, testable hypotheses.
While it may be well understood that clinical parameters of CVD risk are not typically evaluated in isolation, common practice shows otherwise. A single risk factor value beyond an accepted threshold is often used to assign a patient to a therapeutic regimen. What ought to happen instead is an evaluation of several measures of disease status being taken and considered under certain relationships to each other, such as co-occurrence (low HDL-C with high serum triglyceride (TG) levels), medication, or with regard to family history (i.e., genetics). These relationships are amenable to network analysis. Furthermore, the many genes that either encode proteins responsible for CVD-related functions or were identified by genome-wide scans for genetic variants associating with disease risk or incidence (genome-wide association studies, or GWAS) can often be depicted in networks with their interconnecting links displayed. Many such networks pertinent to blood lipids and CVD are known. These could be augmented with other data to identify novel candidates within the larger CVD gene framework. Such an integrative approach was employed to identify genes involved in mediating the APOE ε4-associated pathway that promotes late-onset Alzheimer's disease (LOAD) [1] . Differential co-expression correlation network analysis of APOE4 carriers and LOAD patients identified several modulators central to functions of amyloid beta A4 precursor protein. Such an approach, for example, as applied to lipids, CVD in general, or the even the elements, such as genes and metabolites, that are sensitive to the diet also can be effective in identifying players in CVD. These could be new or show new levels of importance.
This review will highlight different types of networks relevant to CVD and how data integration and network analysis has the potential to uncover novel players in CVD. Types of networks considered here includeexpression quantitative trait loci (eQTL), RNA-based networks, gene-metabolite networks, protein-lipid networks, nuclear hormone networks, lipidomics, inflammation, and genetics networks and their modulation by lifestyle factors. GWAS have identified many variants associating with disease risk and by far the emerging trend in this field is to describe the mechanism by which those variants confer risk. Allele-specific gene expression differences increasingly are noted as drivers of the observed phenotypic differences [2] [3] [4] . For example, genetic variants associating with LDL-C and VLDL levels have been found that map within and in the vicinity of PSRC1 and SORT1 on chromosome 1p13 [5, 6] . Detailed analysis of this region showed that variant rs12740374 creates a binding site for the CCAAT/enhancer binding protein transcription factor and affects the hepatic expression of the SORT1 [6] . Interestingly, this locus contains variants that are under positive selection, implying a role of environmental, perhaps dietary, factors in shaping the genetic architecture that regulates expression of this gene implicated in coronary heart disease and myocardial infarction [7] . Large-scale mapping of eQTL onto SNPs previously assigned to disease risk associations has shown recently that eQTL are drivers of disease phenotypes and associations [8] . In this regard it is satisfying to see that SNPs associating with the disease phenotype(s) also associate with expression of genes known to be involved in that disease or its underlying functional networks. In order to provide the data needed to accomplish such disease-gene expression links, the GTEx Consortium was formed. This project aims to build a resource database and associated tissue bank for the study of the links between genetic variation and gene expression in over 45 different human tissues [9•] . Overall, this approach shows great promise in clarifying the role of genetic variation and the risk of cardiometabolic disorders but has yet to be applied to epistatic and gene-environment interactions.
RNA-Based Networks MicroRNAs, or miRs, are short RNA entities typically 22-26 nt (nucleotides) in length that bind to mRNAs and direct their decay. This regulatory event serves to down-regulate expression of the mRNA's encoded protein. Long, non-coding RNAs, or lncRNAs, are > 200 nt and have been reported in some cases to function as a decoy, competing for miRs that regulate mRNA translation into protein. LncRNAs can also function as an anti-sense message and interfere with mRNA stability and translation into a polypeptide. At the same time, many genetic variants identified by GWAS and other analyses as relevant to disease status and risk are increasingly seen as altering gene expression [8, 10, 11] .
Cholesterol transport via ABCA1 protein and regulation of this process via SREBF1 and SREBF2, sterol regulatory element binding transcription factors, showcase an elegant mRNA-miR network. In this network, miR-33B, which is encoded within intron 16 of the primary SREBF1 transcript, and miR-33A, which is likewise encoded within SREBF2, offer balancing fine-tuning of the control of expression of a number of genes participating in cholesterol transport and reverse cholesterol transport, such as ABCA1, ABCG1, NPC1 and ABCB11 [12] [13] [14] . In this scenario, SREBF1/2 promotes transcription of the aforementioned genes while miR-33A/B interfere with the translation of these mRNAs. Together, these genes and the two miRs can be placed into an RNA network that has cholesterol homeostasis as its output. Validation of other miR33A/B targets can identify novel functional elements within the cholesterol homeostasis pathway, or bridges to other pathways that are at least in part co-regulated with cholesterol homeostasis. In this regard, the discovery that miR-33A/B regulate IRS2 in hepatic cells adds a link between cholesterol homeostasis and insulin signaling [15] . With regard to the application of miRs as therapeutic agents, a very recent report indicated that subcutaneous delivery of a type of octomer anti-miR to obese and insulin-resistant nonhuman primates resulted in relieving suppression of miR-33 targets [16••] . Specifically, this included ABCA1 and an increase in circulating HDL cholesterol [16••] . A second example of this network type brings together the lipoprotein lipase gene LPL, its SNP rs13702, miR-410 and lipid traits [17] . Meta-analysis of ten cohorts showed that SNP rs13702, which was shown to disrupt an interaction between LPL mRNA and miR-410, associated with HDL-cholesterol and triacylglycerol (TAG) levels, with interactions between intake of polyunsaturated fatty acid and TAG being detected.
Gene-Metabolite Networks
Some genes encode enzymes where reactants yield products and these products, or metabolites, can elicit certain biological effects. For other proteins, their activity is modulated by interactions with metabolites. Clinically important examples include C-peptide (from processing of pro-insulin to its active form), estrone sulfate, homocysteine and even dietary sodium with its connections to blood pressure via sodium pumps in the glomeruli of the kidney.
The flavin containing monooxygenase 3 (FMO3) catalyzes the NADPH-dependent oxygenation of various xenobiotics and is the primary such enzyme in the liver. FMO3 catalyzes the production of trimethylamine N-oxide (TMAO), which is derived from dietary phosphatidylcholine, and plasma levels of TMAO and choline are CVD risk indicators [18] . In mice, hepatic Fmo3 synthesizes TMAO from trimethylamine. In vivo over-expression or silencing of Fmo3 increases or decreases plasma TMAO levels, respectively [19] . Notably, Fmo3 expression is repressed by testosterone and induced by bile acids via the NR1H4 nuclear receptor also known as FXR [19] . Furthermore, natural variation in TMAO levels contributes to atherosclerosis susceptibility in mice [19] . Another study elegantly demonstrated that omnivorous humans made more TMAO than vegans or vegetarians after ingestion of Lcarnitine, and the TMAO was produced in a microbiomedependent manner [20] . Thus, thinking of a network comprised of dietary intake of red meat, L-carnitine, gut micriobiota, TMAO and the FMO3 enzyme assists in the understanding of CVD risk.
Recent years have seen the advent of the human serum and urine metabolome databases [21, 22] and increased application of metabolite profiling of human samples. With resources such as high-throughput metabolomics accompanied by thorough data analysis and comparison to the aforementioned databases, it is now possible to identify dysregulated pathways and potential new biomarkers of disease status. In this regard, such studies have indicated that plasma levels of cystine, urea cycle intermediates and the dibasic amino acids citrulline, lysine and ornithine correlate with the LDL-C lowering response of simvastatin [23••] . Connections between branchedchain amino acids, their interacting proteins and CVD have been investigated by many. One example of work in this area showed that increased levels of three amino acids -tyrosine, phenylalanine and isoleucine -significantly correlated with incidence of carotid IMT, the occurrence of a plaque larger than 10 mm 2 and inducible ischemia [24] .
Protein-Lipid Networks
Certainly, there are many important protein-lipid interactions with regard to CVD. Well known examples include the chylomicron and associated lipoprotein-cholesterol particles such as HDL, adipocyte lipid droplets and their surface-binding proteins such as perilipins, acyl-CoA synthetase long-chain family members and the SDPR gene product. Here, we briefly summarize other emerging, CVD-relevant networks at the interface of lipids and proteins. The v-src avian sarcoma viral oncogene homolog encodes the SRC tyrosine protein kinase with established roles in oncogenesis and metabolic homeostasis. Importantly, the SRC protein has many substrates to which it adds a regulatory phosphate group and is itself a highly networked molecule. Those interactions though are not limited to proteins. For example, SRC action occurs according to membrane constituent phospholipids in adipocytes -environment specific events and connections with consequences in signaling [25] . SRC also acts as one of many inputs regulating gluconeogenesis and glycogenolysis in the liver [26] , which are both elevated in metabolic syndrome. These findings strongly suggest that the constitution of fat in the diet has the potential to influence trafficking in the plasma lipid bilayer of this important signaling molecule. Thus, the more complete view of this important protein involves its network of interacting proteins and membrane lipids.
Lastly, endogenous endocannabinoids, a family of compounds consisting of fatty acids and alcohols attached to various polar head moieties, are affiliated with lipoproteins with effects on signaling through SMO, or smoothened [27] . One action of SMO is to promote insulin-independent glucose uptake in skeletal muscle and brown adipose [28] . Importantly, the endocannabinoids do not appear to act through binding to known receptors such as PPARA and TRPV1 [27] . In addition, it has been found that targeted knock down of mouse Abhd6 (a 2-arachidonoylglycerol hydrolase important in brain endocannabinoid signaling) shielded mice from high-fat dietinduced obesity among other metabolic dysfunctions [29] .
Nuclear Hormone Networks
Nuclear hormones and their receptors form networks with important roles in CVD. Estrogen, for example, has been shown to have vasculoprotective effects in premenopausal women. However, it also has adverse effects in older women with menopausal symptoms. Recent findings have shown that the smooth muscle mineralocorticoid receptor (NR3C2) has important roles in blood pressure control and vascular aging [30] . Two recent studies have identified key pathways and genes that are involved in mediating the effects of nuclear hormones in vasculature with an aim to characterize their roles in CVD [31, 32] . In one of those studies, the aldosteroneregulated transcript profile identified the oxidative stress pathway and genes such as PIGF, MT1, MT2, CTGF, BIRC2 and SGK, operating via NR3C2, at the site of vascular injury [31] . The second report examined the effects of estrogen treatment on blood vessels, finding that this treatment affected expression preferentially of such functional pathways as gene expression, lipid metabolism, cell-cell signaling, cell growth/ proliferation, and cellular movement [32] . The mechanism of action of estrogen and other nuclear ligands in cardiovascular systems requires further investigation in order to get a better understanding [33] .
Lipidomics Networks
When the call for thorough lipid analyses, beyond the standard measures of triglycerides and cholesterol, is put forth both for diagnostic purposes and for checking the efficacy of prescribed therapy [34] , this necessitates the development and use of data, which link those lipids to proteins that act as transporters or catalytic modifiers of the lipids, and then to genes and genetic loci of disease risk, followed by cell types or tissues where those lipid moieties are likely to be incorporated. The human serum metabolome lists over 3300 lipid and fatty acid compounds [21] , and while >99 % have links to a metabolic enzyme, other information compiled within any database on implications in disease or connections to food or gut microbiome sources are lacking. Here more work is needed and more so because a good metabolomics profile will give some information on fatty acids and other lipids detected in the sample. Along the lines of identifying lipids from tandem mass spectroscopy data LipidBlast has been developed covering 119,200 compounds from 26 lipid classes [35] . This is one such tool that will be very useful as lipidomics and lipidcentric networks gain in relevance to CVD research and diagnostics. On the other hand, development and use of a comprehensive database that links food items to biochemical and bioactive compounds detected within that item would offer an alternative to correct lipidomic imbalances by other means -say by combined nutrition and pharmacological approaches [36•] .
Inflammation Networks
The impact of inflammation on CVD risk and outright occurrence has been investigated for some time [37] , with inflammation being invoked to characterize key links between CVD and, for example, health of the gut microbiome [38] , sickle cell disease [39] , adiposity [40] , and atherosclerosis [41, 42] . By the very nature of the molecules involved -cytokines and their receptors on various cell types -inflammation as a precursor of or response to cardiovascular diseases lends itself to a network or systems view. Within adipose, for example, the homeostatic relationship between the adipocyte and the M2 macrophage is altered and increased communication with the M1 macrophage elicits a series of pro-inflammatory events signifying the metabolic syndrome condition. Increased levels of available saturated fatty acids, coupled with increases in inflammatory cytokines such as IL6, IL1B and TNF, and a loss of repression of NFKB1, eventually lead to an uptick in the recruitment of monocytes, via coordinate increases from both adipocytes and macrophages in MCP-1 (CCL2), SAA, and S100A8/9 [43] .
Working within the Framingham Heart Study, researchers were able to identify a sub-network of inflammation of genes whose expression in platelets and megakaryocytes is statistically tied to expression of the well known inflammation biomarkers CRP and IL6 [44] . These genes included ALOX5, CD163, IFIT1, IL6, NFKB1 and TNFRSF1B. Subsequent research along these lines, for example, could look at the relationship between genetic variants associating with CRP and IL6 expression and the activity of the identified inflammation genes, perhaps in ways modulated by lifestyle choices such as the diet or exercise. Lastly, the discovery of new anti-and proinflammatory pathways that connect lipid and inflammation biology has set the stage for exploring a new set of diverse therapeutic targets for coronary artery disease [42] .
Genetic Networks
Studies defining genetic loci of importance to CVD have been ongoing for quite some time and many genetic loci conferring increased risk of CVD have been described. Over the last seven or so years, the application of GWAS has accelerated the rate of discovery of loci associating with either CVD occurrence or clinical measures of elevated risk of CVD. These latter include reduced levels of HDL, increased levels of total cholesterol, triglycerides or LDL, and anthropometrics of obesity and adiposity. The focus in this part of this review will be on two aspects: genetic networks involving epistasis and genetic risk scores, and gene-environment interactions.
Genetic Risk Score and CVD
Epistasis generally refers to the interaction between different genes. The focus of GWAS for CVD traits on main effects has left open the question of the extent of contribution to trait variance by interactions with other genes and environmental factors (GxE interactions). Identification of epistatic interactions may be key in understanding complex diseases such as CVD as epistasis is one of several factors contributing to the missing heritability [45] . In support of epistasis an interaction between HMGCR and LIPC with an effect on HDL cholesterol levels has been described and validated in a number of independent multiple-ethnic populations [46] , which provides insight into the genetic architecture of this complex trait. Also with regard to HDL, use of biobanked samples and electronic medical records in a novel approach identified 11 epistatic interactions, eight of which were validated in a second cohort [47] .
In parallel, the identification of GxE interactions is particularly important for CVD because such strong non-genetic risk factors as diet and physical activity have roles in this major preventable disease. However, GxE interactions consider only single variants. Combining multiple loci with modest effect into a global genetic risk score (GRS) is thought to improve identification of individuals at risk of developing CVD and individual risk assessment. The use of a GRS in several prospective cohort studies improved the ability to predict incident CHD beyond that afforded by traditional non-genetic risk factors [48, 49] , or modestly improved CHD risk prediction in the Atherosclerosis Risk in Communities study but not in the Rotterdam and Framingham Offspring studies [50] . Thus, application of the GRS to environmental interactions should be at the forefront in attempts to characterize GRS-CVD connections with great potential in the implementation of personalized nutrition and health monitoring. This is supported by several studies assessing GRSxE interactions related to CHD or CVD risk factors including diabetes and obesity.
With regard to diet, a Western dietary pattern interacted with a GRS based on ten diabetes risk SNPs in a case-control study from the Health Professionals Follow-Up Study (HPFS). Intakes of the Western dietary pattern were significantly associated with increased diabetes risk among men with a higher GRS, but not among those with a lower GRS [51] . Sugar-sweetened beverage intake interacted with a GRS, calculated on the basis of 32 BMI-associated loci, in relation to BMI and incident obesity in the Nurses' Health Study and the HPFS, with subsequent replication. The genetic association with adiposity was more pronounced with greater intake of sugar-sweetened beverages [52] . Recently, association analyses were tested between a GRS comprising 13 obesity-related SNPs and dietary intakes of fat, carbohydrates, protein, fiber and total energy intake, as well as interactions on BMI and related traits among non-diabetic Malmö Diet and Cancer Study participants. Although no significant interactions were observed between GRS and total energy intake or macronutrient intakes on BMI or any associated traits, individuals with higher GRS showed lower total energy intake and higher intake levels of protein and fiber [53] . In relation to physical activity, significant interactions were observed between a 12-SNP obesity GRS with physical activity on obesity risk and BMI over time in the European Prospective Investigation of Cancer Norfolk cohort. Living a physically active lifestyle was associated with a 40 % reduction in the genetic predisposition to common obesity [54] . These interactions were replicated in a meta-analysis of 11 cohorts of European ancestry, although these effects appear to stem from the North American cohorts [55] . In two large prospective cohorts of US populations, TV watching and physical activity interacted significantly with an obesity GRS on 32 SNPs, whereas prolonged TV watching may accentuate the predisposition to elevated adiposity, greater leisure time physical activity may attenuate the genetic association [56] . In sum, the application of a GRS as a type of network for a given trait is a developing area of CVD research.
Networks of Gene-Environment Interactions
Much more experimental is the application of systems biology to gene-environment interactions resulting in biological networks based on either individual CVD-related traits or a single environmental factor that modifies the genotype-phenotype association. We have described such an approach with cardiometabolic traits, GxE interactions and PPARA and PPARG networks [57] . Networking individual GxE interactions based on a common attribute holds promise in characterizing how the genome interprets a particular dietary macronutrient with associative effects on measures of CVD risk. That such networks could incorporate allele-specific edges between the biological entities is of particular interest.
Nutrition, Exercise and Pharmaceutical Agents Modulate Gene Networks
In applying a network perspective to disease, it follows that disease can arise from dysfunctional regulatory networks, which themselves are the result of altered edges between nodes [58] . These nodes can represent any of a variety of biological or physiological entities (Fig. 1) and insults to the network away from homeostasis, such as a non-ideal diet or exercise regimen, have the effect of promoting metabolic syndrome and leading to heart failure [59] . However, progression from an excess of calories in the diet and a lack of physical activity to atherosclerosis and cardiac arrest is in part determined by nodes (e.g., genetic polymorphisms) and edges (e.g., unique relationships among the affected systems) that are personal to a given individual. Progression to heart failure is complex at least partially because of the crosstalk of the affected organs, pathways, genes and metabolites [59] . Further complexity arises from the personal nature of relationships within the nodes of the heart failure network. Genetic variation, lifestyle choices (including diet and pharmaceuticals) and the GxE and epistatic interactions all contribute to the flux through the network [60••] . This is based on a large body of work showing that disease progression, even in twin studies, is not uniform. At the same time, while homeostasis is a powerful force, intervention -with a proper and healthy diet or an active and regular exercise regimen -will have different effects on different persons. Thus, quantification of the relationships (i.e., edges) between disease-relevant entities and their composite parts can contribute to defining first, all the nodes within a CVD network and second, the personal network attributes unique to an individual.
Conclusion
Indeed, it may present both mental and computational challenges to consider networks for cardiovascular health and cardiovascular diseases that contain entities ranging from genes, proteins, lipids, small molecules including dietary components and drugs, and gut microbial species numbers, and all overlaid with genetic variation. However, this is indeed the direction in which much research is advancing. Large amounts of data are collected and integrated for the purpose of depicting functional relationships and pinpointing new actors.
The topics broached in this short review are indicative of the complexities of cardiovascular diseases, but with that complexity comes the challenge to integrate these data in a way that highlights the relationships among entities and to leverage such to identify novel CVD factors as either new relationships among known entities or newly identified as relevant to CVD.
